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[1] Allen Nie, Erin Bennett, Noah D. Goodman: DisSent: Learning Sentence Representations from Explicit Discourse Relations. ACL (1) 2019: 4497-4510

However, Existing models either train on a vast amount of text, or require costly, manually 
curated sentence relation datasets. 

Sentence embedding can be used for multiple use cases: paraphrase detection, summarization, 
knowledge-base population, question-answering, automatic message forwarding, and 
metaphoric language, to name a few. 

Discourse markers annotate deep conceptual relations between sentences. Learning to predict 
them may thus represent a strong training task for sentence meanings. 

This task is an interesting intermediary between two recent trends. 
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Discourse Prediction Task
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Train a sentence encoding model to learn embeddings for each
sentence in a pair such that a classifier can identify, based on the 
embeddings, which discourse marker was used to link the 
sentences 

Use the DisSent task to fine-tune larger pre-trained models such
as BERT. 

Discourse Prediction Task to train sentence embeddings Data Collection



Diffusion interdite sans accord

Data Collection
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That markers with similar meanings tended to be
confusable with one another. 
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Figure 2. Quick-thougth vectors: discriminative objective for 
next and previous sentence given negative samples [5]

Figure 1. Skip-thougth vectors: generative objective for next
and previous sentence [1] or just BoW prediction [6]

Supervision given discourse story line Supervision given altered language model

Figure 3. Mask language models, Bert & Co, ELMo, 
Open AI GPT [2, 3, 4].
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Related Work – Supervised Learning
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[1] Alexis Conneau, Douwe Kiela, Holger Schwenk, Loïc Barrault  , Antoine Bordes: Supervised Learning of Universal Sentence Representations from Natural Language Inference Data. EMNLP 

2017: 670-680

[2] Nils Reimers, Iryna Gurevych: Sentence-BERT: Sentence Embeddings using Siamese BERT-Networks. EMNLP/IJCNLP (1) 2019: 3980-3990

Figure 1. Siamese architecture For Natural 

Language Inference task [1, 2]

Natural language Inference task shows good 
transfer learning proper<es. Model are usually 
trained on the concatena<on of SNLI and Mul<-
Genre NLI (All NLI) with either LSTM or Bert 
encoder [1, 2]
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Results on SICK dataset
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Model Dim Hrs MR CR SUBJ MPQA TREC
MRPC SICK-R

SICK-E
Acc F1 r ⍴ MSE

Context sentences prediction

FastSent < 500 2 70.8 78.4 88.7 80.6 76.8 72.2 80.3 --- --- --- ---

FastSent + AE < 500 2 71.8 76.7 88.8 81.5 80.4 71.2 79.1 --- --- --- ---

Skipthought 4800 336 76.5 80.1 93.6 87.1 92.2 73.0 82.0 85.8 79.2 26.9 ---

Skipthought + LN 4800 672 79.4 83.1 93.7 89.3 88.4 --- --- 85.8 78.8 27.0 79.5 

Quickthoughts 4800 11 80.4 85.2 93.9 89.4 92.8 76.9 84.0 86.8 80.1 25.6 ---

Sentence relations prediction

DisSent Books 5 4096 --- 80.2 85.4 93.2 90.2 91.2 76.1 --- 84.5 --- --- 83.5 

DisSent Books 8 4096 --- 79.8 85.0 93.4 90.5 93.0 76.1 --- 85.4 --- --- 83.8 

InferSent 4096 --- 81.1 86.3 92.4 90.2 88.2 76.2 83.1 88.4 --- --- 86.3

Sentence-BERT (base) 768 --- 83.6 89.4 94.4 89.9 89.6  76.0 --- 72.9 --- --- ---

Universal Sentence Encoder --- --- 80.1 85.2 94.0 86.7 93.2 70.1 --- 76.7 --- --- ---

Transformers / Altered language models

Avg. BERT embeddings 768 --- 78.7 86.2 94.4 88.7 92.8 69.5 --- 78.4 --- --- ---

BERT [CLS] 768 --- 78.7 84.9 94.2 88.2 91.4 71.1 --- 42.6 --- --- ---

Multi-task learning

LSTML 82.5 87.7 94.0 90.9 93.0 78.6 --- 88.8 --- --- 87.8

Table 1. Results on the SentEval benchmark [1]. Bold figures indicate best scores in the category. Underlined figures indicate best model overall.

[1] Alexis Conneau, Douwe Kiela: SentEval: An Evaluation Toolkit for Universal Sentence Representations. LREC 2018
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Results - Implicit Discourse Relation Task
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Are sentence pairs with explicitly marked
relations are qualitatively different from those
where the relation is left implicit?
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Discussion
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Method really clear and easy to understand. 

Code, model and data available: 
https://github.com/windweller/DisExtract

Linguistic insight: Idea is rather new, 
similarity with Rethorical Discourse Theory 

(RST) but much simpler.

Training dataset is much smaller compared 
to similar training method. The dataset 

constitution is also semi-automatic

Encoder is a simple LSTM, difficult to 
compare with large pre-trained models

Compare pair of sentences but only 
adjacent one. Is it sufficient to infer relation 

between non-adjacent sentences?

Only quantitative analysis on meta-
benchmark, difficult to isolate the reason 

for performance. No ablation study.

Training time not reported, could be useful 
for comparison. Should be reasonable 

though.


